The application of the principle of the intention-to-treat (ITT) to the analysis of clinical trials is challenged in the presence of missing outcome data. The consequences of stopping an assigned treatment in a withdrawn subject are unknown. It is difficult to make a single assumption about missing mechanisms for all clinical trials because there are complicated reactions in the human body to drugs due to the presence of complex biological networks, leading to data missing randomly or non-randomly. Currently there is no statistical method that can tell whether a difference between two treatments in the ITT population of a randomized clinical trial with missing data is significant at a pre-specified level. Making no assumptions about the missing mechanisms, we propose a generalized complete-case (GCC) analysis based on the data of completers. An evaluation of the impact of missing data on the ITT analysis reveals that a statistically significant GCC result implies a significant treatment effect in the ITT population at a pre-specified significance level unless, relative to the comparator, the test drug is poisonous to the non-completers as documented in their medical records. Applications of the GCC analysis are illustrated using literature data, and its properties and limits are discussed.
Introduction
The principle of intention-to-treat (ITT) is widely accepted as a gold standard for the analysis of randomized controlled clinical trials. 1 The ITT analysis of the difference between two treatments includes every subject who is randomized. 2, 3 However, missing outcome data are commonly unavoidable in a randomized clinical trial when patients leave the study before the protocol-specified completion time. [4] [5] [6] In the presence of missing data, statisticians have been perplexed by how to perform an ITT analysis to answer the following two fundamental questions on data interpretation: first, how to determine if the treatment effect in the ITT population is significant at a pre-specified level (ITT Puzzle I), and, second, how to make an unbiased estimate of the difference between two treatments in the ITT population (ITT puzzle II).
Currently there are two main approaches for analyzing clinical trial data involving missing data in practice. The first one intends to fill missing data with assumed or simulated values under certain assumptions. [7] [8] [9] [10] [11] However, these assumptions are often difficult to verify. 4 The second approach, commonly known as complete-case analysis, simply uses the observed data often with certain restrictions (such as completers with or without rescue medications, per protocol population, etc.), without accommodating missing data. 12 The current method of completers analysis is problematic because the number of completers is treated as a constant. The National Research Council (NRC) Panel on Handling Missing Data in Clinical Trials provided general principles in the 1 Rockville, MD, USA 2 Bioinformatics Core, Laboratory of Neurogenetics, National Institute on Aging, National Institutes of Health, Bethesda, MD, USA report The Prevention and Treatment of Missing Data in Clinical Trials. 13, 14 The NRC report also recommended some mathematical approaches to analysis, intended to restore the balance established by randomization among treatment groups by adjusting for the association among outcome data, covariates, and missingness. In practice, however, there are currently no statistical methods available to solve either one of the ITT puzzles.
The missingness in clinical trials has specific properties that are different from those in simple surveys which form the basis for much of the work on missing data. To understand the reactions of the human body to drugs, note that there are complex biological metabolism pathways or networks. [15] [16] [17] There are multiple pathways to cause a clinical sign or organ failure and, however, from another perspective, a single treatment could lead to multiple effects. [18] [19] [20] In fact, there are various reasons of patient dropouts in a typical clinical trial, including different adverse drug reactions and adverse events (AEs) in various tissues and organs, symptoms of nausea or diarrhea, withdrawal based on medical doctor/investigator's decision, withdrawal of subjects, or and others. It is rare that a single reason causes all the dropouts of subjects. Therefore, it is unlikely that one statistical assumption about the missing mechanism of the population of the non-completers could handle the general missing data issue in the analysis of clinical trials.
Making no assumptions about the missing mechanisms in the present study, we evaluated the impact of missing data on the ITT analysis, based on actually observed data, and proposed a new statistical analysis of clinical trials involving missing data, which we named the generalized complete-case (GCC) analysis to distinguish it from the current completers analysis. This method addresses the ITT Puzzle I. We showed that a statistically significant GCC result implies a significant treatment effect in the ITT population at a pre-specified significance level unless, relative to the comparator, the test drug is toxic to the non-completers.
This paper is organized as follows. In section 2, we describe an analysis model for evaluating treatment effects of an ITT population by decomposing an ITT difference into its observed and unobserved components. In section 3, we introduce the new methodology (GCC analysis) based on the observed treatment difference and evaluate the impact of the unobserved difference on the ITT analysis. We illustrate the application of this method using literature data from both parallel group and crossover randomized clinical trials in section 4, and summarize and discuss the properties and limitations of this method in section 5.
Statistical model of treatment effect 2.1 Sample mean distribution
Let n be the number of all randomized subjects who receive a given treatment in a clinical trial (the ITT set), and n ¼ n o þ n m with n o being the number of completers and n m the number of non-completers with regard to the protocol-specified completion time.
Let y o,i be the outcome, a measure of the target symptom, of completer i (i ¼ 1, . . . ,n o ) and y m,j the unobserved outcome of non-completer j (j ¼ 1, . . . , n m ). One can then decompose the ITT sample mean Y into the observed and unobserved components as shown below
where
n is the observed proportion of completers and
P n m j¼1 y m,j the sample means of completers and non-completers (unobserved), respectively. By the central limit theorem (CLT) for large n, Y follows a normal distribution,
where 
By ignoring the higher order terms, O(n Àk ) with k ! 2, we can see immediately that equation (3) approaches the moment generating function of a normal distribution,
The asymptotic mean and variance of p o Y o in equation (4) can also be obtained directly, using the same approach for deriving the mean and variation of Y in equation (2) . A computer simulation provides further evidence supporting the asymptotic normal distribution of p o Y o in equation (4) (see the Supplementary Appendix B.2). This distribution is identical to that of a weighted responder mean reported by Chen and Li. 21 
An unbiased estimator of
where s 
Treatment mean difference
Suppose that there are two treatments, a candidate treatment T and a comparator C, in a randomized parallel group study with sample sizes n t and n c , respectively. The number of completers is n o,t in the T arm and n o,c in the C arm. From equation (1), we can write the difference between the two treatments as
where d o is the observed difference and d m the unobserved difference. The relationship in equation (6) is also true for a crossover study, which uses paired data of completers to estimate a treatment difference, where n t ¼ n c and n o ¼ n o,t ¼ n o,c . Therefore, we write the observed difference as (
For the asymptotic distribution of d m , the mean d m and variance 2 m are defined similarly to equation (9) . Since the d m is not observed, our analysis can depend only on d o . We propose a GCC analysis based on d o in the next section.
A GCC analysis 3.1 Test hypothesis
In a clinical trial, the null hypothesis of a statistical test is usually that the effect of treatment T is either less than or equal to that of treatment C:
where M > 0 is a pre-specified non-inferiority margin. We can combine the above two hypotheses as H o : m t À m c À with ¼ 0 for a superiority test and ¼ M for a non-inferiority test.
The null hypothesis of a GCC test is H o : d o À. For simplicity and without loss of generality, let ¼ 0 for the remainder of this paper. A test of the hypothesis can be carried out as described in the following subsection. In a cross-over study, according to equation (7) and under the null hypothesis H o :
Hypothesis test
In a parallel group study, the null hypothesis H o :
. Under this restriction and equations (9) and (5), an un-pooled estimate of SEð
where is a pooled estimate for 
Validation of the test
We are interested in the inference of the GCC analysis about treatment effects in the ITT population. Our approach is to investigate the impact of missing data on the ITT analysis, provided that the null hypothesis of a GCC test H o : d o 0 is rejected at a pre-specified significance level of /2. Let the null hypothesis of an
The last inequality holds if and only if
In the following discussion, assume that a larger value of the outcome represents a more favorable condition of a subject. Now we look into the impact of , then the dropout rate in the T arm must be significantly lower than that in the C arm, (1 À p o,t ) < (1 À p o,c ) . In this situation, we will have no serious concerns about the favorable effect of T over C, even if the ITT analysis is not significant according to equation (13) . This is because:
. there is a significantly favorable treatment effect for completers, d o > 0;
. the mean outcome of non-completers in the T arm is equal to or greater than that in the C arm, m m,t ! m m,c ;
. the dropout rate in the T arm is significantly lower than that in the comparator arm, (1 À p o,t ) < (1 À p o,c ).
The above reasons support the inference of the GCC analysis about the significant treatment effect in the ITT population. Again, the GCC analysis here is more powerful than an ITT analysis. The missing mechanism is likely to be completely random. Now we would like to find out what the situation m m,t < m m,c tells us, given d o > 0 and d m < 0. Although equation (13) may still hold in certain situations especially when *« , here we need only to consider the case of d 0. In our we view, such a scenario demonstrates thats, relative to the comparator, the treatment T significantly alleviates the target symptom of the completers (d o > 0) but severely aggravates that of the non-completers (m m,t < m m,c ). This is because a small value of the outcome reflects a subject's unfavorable condition, and a significantly worse target symptom could lead to or be associated with serious medical consequences, either directly or indirectly. Therefore, although the outcomes of non-completers for estimating m m,t and m m,c are unknown, their medical information would be critical for providing hints concerning whether the non-completers in the T arm are under more unfavorable conditions than those in the C arm, i.e. m m,t < m m,c . In fact, it is not uncommon that subjects whose symptoms are exacerbated during a study would receive rescue medication or additional care. Since this is the only case that a significant GCC result does not imply significant treatment effect in the ITT population, we will evaluate whether the candidate treatment T is poisonous to the non-completers in the analysis of ITT treatment effect.
The above discussions suggest that a statistically significant GCC result implies a significant treatment effect in the ITT population at a pre-specified significance level unless, relative to the comparator, the candidate treatment T is toxic to the non-completers. In addition, equation (13) suggests that rejecting the null hypothesis of the GCC analysis at a high significance level */2 with * « is a favorable condition for rejecting the corresponding null hypothesis of the ITT analysis. A GCC analysis does not inflate the type I error of an ITT analysis and is at least as powerful as the ITT analysis in certain circumstances, as discussed above and shown by computer simulation (see Supplementary Appendix E).
Demonstration of GCC analysis in clinical trials
The application of GCC analysis to clinical trials is demonstrated using literature data. All selected studies are randomized controlled clinical trials. In our GCC analysis, we will focus on checking if the candidate drug is poisonous to the non-completers as documented in their medical records.
Application to crossover study
A crossover design has two advantages over both a parallel study and a non-crossover longitudinal study: reduced confounding covariates and smaller sample sizes. Thus this design is widely used in neurology and psychiatry studies and pain treatment trials. The statistical analysis of cross-over trials is typically a completers analysis. The data demonstrating the GCC analysis are from a drug abuse potential study by Schoedel et al. 22 which was a single-site, randomized, double-blind, double-dummy, single-dose, active-and placebo-controlled, crossover study.
The primary endpoint was the peak effect (E max ) of drug liking (at the moment), assessed on a bipolar visual analog scale (VAS) from 0 (strong disliking) to 100 (strong liking) with 50 as the neutral score. For assay sensitivity, the null hypothesis was no different between the positive control D-amphetamine and placebo. According to the standard study design, all subjects were expected to like the positive control (evidenced by larger mean VAS E max ) more than the placebo, which would have been guaranteed by a prior qualification phase. The GCC test statistic is constructed based on equation (10) and the analysis is significant at a level of 0.05. Table 1 summarizes the results of the reported completers analysis and the GCC test.
As regards the safety information, the authors reported ''no serious or significant AEs among the subjects'' in the treatment phase and comparable AE rates between D-amphetamine and placebo. Based on these results, we are confident at a significance level of 0.05 that these subjects like D-amphetamine more than the placebo at either dose in the ITT population, supporting the assay sensitivity.
Application to parallel-group trial
A parallel group design is the most common clinical trial design for confirmatory trials. Data from a noninferiority study reported by Gallwitz et al. 23 are used here for illustration. The study was a multicenter, randomized, two-year, parallel-group, non-inferiority, double-blind clinical trial for type 2 diabetes mellitus.
Participants were randomly assigned to take either the test drug, linagliptin (5 mg), or the active comparator, glimepiride (1-4 mg) orally once daily and treated for two years (104 weeks). The primary endpoint was change in glycated hemoglobin A1C (HbA1 c ) from baseline to week 104. After 104 weeks of treatment, the number of completers was 447 for linagliptin and 458 for glimepiride. The missing rates of the two treatments were similar: 42% in the linagliptin arm and 41% in the glimepiride arm.
The GCC test statistic is constructed using the un-pooled standard error as shown in equation (11) for parallel designed studies. The non-inferiority of linagliptin (5 mg) to glimepiride (1-4 mg) is supported by the GCC analysis (shown in Table 2 ) since the upper bound of the 97.5% confidence interval (Lina-Glim), 0.19%, is smaller than the pre-selected non-inferiority margin of 0.35%. With respect to the safety information from this publication, subjects in the linagliptin arm had fewer AEs than those in the glimepiride arm:
. fewer drug-related AEs: 118 (15%) versus 300 (39%); . fewer AEs in the non-completers: 61 out of 189 (32%) versus 90 out of 171 (52%); . fewer AEs leading to discontinuation: 60 (8%) versus 85 (11%).
The GCC result and above safety information support the non-inferiority of linagiptin over glimepiride in the ITT population at a significance level of 0.025. Table 2 summarizes the efficacy results from the authors and the GCC analysis.
Summary and discussion
Applying ITT analysis to randomized controlled clinical trials in practice has been challenged by the presence of missing data. This problem is complicated by the unknown consequences of stopping an assigned treatment in a withdrawn subject. Making no assumptions about the missing mechanisms, we proposed a GCC analysis to deal with the ITT puzzle I. The GCC analysis is a de facto natured analysis and depends on the observed data in the ITT population. If all randomized subjects are completers, then the GCC analysis becomes an ITT analysis. Taking into consideration that the number of subjects who drop out from a treatment arm is a random variable, the distribution of the observed difference was derived explicitly as the base for hypothesis testing.
By evaluating the impact of the unobserved difference on the ITT analysis, we showed that a statistically significant GCC result implies a significant treatment effect in the ITT population at a pre-specified significance level unless the candidate drug is toxic to the non-completers, who likely have many more drug-related AEs than the non-completers in the comparator arm do. A GCC analysis does not inflate the type I error of an ITT analysis and is at least as powerful as the ITT analysis in certain circumstances. In addition, if collected, the values of the b n and n o denote the number of randomized patients and completers, respectively; n f : number of randomized subjects who received at least one dose of treatment, had a baseline measurement, and had at least one on-treatment measurement. Note: n and n o denote the number of randomized patients and completers, respectively. c
The differences between the two treatments were analyzed using a mixed model.
outcome data in the non-completers prior to dropouts from the test drug arm should be smaller (unfavorable conditions) than those in the comparator's arm. If the test drug is beneficial to some subjects (who are more likely to adhere to treatment) but poisonous to some others (who are more likely to dropout) and the null hypothesis of the GCC test is rejected, then one can only claim the efficacy of the test drug in the completers but not in the ITT population. Should such a case occur, an enriched design may be desirable. Although the GCC analysis is useful to qualitatively tell the treatment effect in the ITT population (the ITT puzzle I), in general, this method, like all other available statistical methods, is not able to provide an unbiased estimate of the true treatment difference in the ITT population with missing data (the ITT puzzle II), except that the expected treatment difference in the non-completers is zero. This assumption is less restrictive than that of missing at random because the basic component involved in the unobserved treatment difference is the product of the (conditional) unobserved outcome mean and the observed dropout rate. Various techniques used to fill the missing values might play a role in the verification of such an assumption.
Note that the p value of a GCC test whose null hypothesis H o : d o 0 has been rejected should not be claimed to be the significance level of the treatment difference in the ITT population, provided that there is no clinical evidence of the test drug being poisonous to the non-completers. For example, if a pre-determined level of significance is 0.025, the GCC test is significant at a level of <0.0001, and there is no clinical evidence of the drug candidate being poisonous to the non-completers, then one can confidently claim that the treatment difference between the test drug and the comparator in the ITT population is significant at the level of 0.025. One should also be aware that a significant GCC analysis at a pre-determined level could imply the significance of the treatment difference in an ITT population, not the ITT test itself, because in certain circumstances (for example, when d m ¼ 0), a GCC test could be more powerful than an ITT analysis.
The GCC analysis is demonstrated in this paper using literature data from both parallel group and crossover randomized clinical trials for either a superiority or a non-inferiority test. Given that the GCC result is significant, the safety information of the non-completers play a critical role for inferring treatment effects in the ITT population, suggesting that the analyses of the benefit and risk effects of a test drug are nested together. Moreover, a possible scenario is that the ITT analysis is significant but the GCC analysis is not, implying that the beneficial effect of the test drug is accompanied by some adverse effects in the non-completers. Such a drug is unlikely to be safe to use. In clinical trials, missing data reveal the information of patients' unfavorable responses to treatments. Therefore, when we are considering the issue of missingness while evaluating treatment effects, we are eventually dealing with the benefit-risk problem. The GCC analysis is unique in that it is the first efficacy analysis method that uses safety information to qualitatively tell if the difference between treatments in an ITT population with missing data would be significant.
